The immune system exerts antitumor activity via T celldependent recognition of tumor-specific antigens. Although the number of tumor neopeptides-peptides derived from somatic mutations-often correlates with immune activity and survival, most classically defined high-affinity neopeptides (CDNs) are not immunogenic, and only rare CDNs have been linked to tumor rejection. Thus, the rules of tumor antigen recognition remain incompletely understood. Here, we analyzed neopeptides, immune activity, and clinical outcome from 6,324 patients across 27 tumor types. We characterized a class of "alternatively defined neopeptides" (ADNs), which are mutant peptides predicted to bind MHC (class I or II) with improved affinity relative to their nonmutated counterpart. ADNs are abundant and molecularly distinct from CDNs. The load of ADNs correlated with intratumoral T-cell responses and immune suppression, and ADNs were also strong predictors of patient survival across tumor types. These results expand the spectrum of mutation-derived tumor antigens with potential clinical relevance.
Introduction
Tumor neopeptides, defined as peptides derived from somatic mutations in cancer cells, are seen as foreign by the adaptive immune system and are critical mediators of tumor immunity (1) . Classically defined neopeptides (CDNs) can be bioinformatically identified by predicting the ability of peptides containing somatic mutations to bind MHC class I or II with high affinity. Higher predicted CDN load correlates with several favorable clinical features, including greater lymphocytic infiltration and survival in untreated colorectal tumors (2) and improved response to CTLA-4 blockade in melanoma (3) and PD1 blockade in non-small cell lung carcinoma (4) . Strong associations exist between response to PD1 blockade and mismatch repair deficiency (which results in high neopeptide load; ref. 5) , mutation burden in melanoma (6) , and MHC class I CDN load in urothelial carcinoma (7) .
Despite these associations, only a small percentage of predicted CDNs are immunogenic. In an analysis of 3 patients with metastatic melanoma, in aggregate, only 2 out of 57 selected CDNs elicited endogenous T-cell responses (8) . Studies also indicate that CDNs are no more predictive of response to checkpoint blockade in patients with metastatic melanoma than overall somatic mutation load (9) . Finally, no difference is observed in CDN binding scores for HLA-A2 or immunogenicity between T cell-inflamed and non-T cell-inflamed metastatic melanomas (10) , suggesting that the presence of CDNs does not necessarily correlate with Tcell response. These findings represent a gap in the understanding of immune recognition of tumor antigens.
To address this gap, we analyzed predicted neopeptides and immune activity in 6,324 human cancer samples from The Cancer Genome Atlas (TCGA), using an open-source discovery pipeline to evaluate over 228 million mutant peptide predictions from more than 1 million nonsynonymous missense mutations (NSMs) within this dataset. This analysis revealed the existence of a previously underappreciated class of tumor antigens, for which tumor-associated mutations significantly increased peptide affinity for class I or class II MHC compared with nonmutated counterparts. This class of neopeptides-which we refer to as "alternatively defined neopeptides" (ADNs)-predicted immune phenotypes and patient survival.
Materials and Methods
Tumor and normal sample datasets DNA variant, gene expression, and clinical data from TCGA (11) were obtained in June 2016 from the Genome Data Analysis Center Firehouse (Spring 2016 run; https://gdac.broadinstitute. org/). DNA variants that were manually curated by TCGA analysis working groups were obtained in mutation annotation format (MAF). Gene expression data were normalized counts from the TCGA RNASeq Version 2 pipeline and included all available "Level 3" samples. Raw tumor and normal paired whole exome sequencing reads were obtained through dbGaP (accession phs000178.v9.p8) and the NCI Cancer Genomics Hub. Samples selected for analysis were those with DNA variant, gene expression, and raw exome reads available for download (Supplementary Fig. S1 ). Tumor types included in analyses were those with at least 15 such complete cases. Seven tumor types contained < 15 samples for these required data and were excluded: cholangiocarcinoma, kidney chromophobe, mesothelioma, ovarian serous cystadenocarcinoma, rectal adenocarcinoma, thymoma, and uterine carcinosarcoma. Within the remaining included tumor types, samples with no identified tumor variants resulting in amino acid changes that passed quality-control filters were excluded from analysis. Tumor cellularity estimates were determined using Sequenza and ABSOLUTE (12, 13) and were similar to those previously reported (Supplementary Fig. S2 ; refs. 14, 15) . For the non-TCGA-independent datasets (3, 4, 16) , variants were assembled from provided Supplementary Tables.
HLA determination
Normal tissue whole-exome sequencing was used for 4-digit HLA class I and II determination. In cases with multiple normal tissue samples, the sample with the greatest read depth was used. HLA class I determination was performed using OptiType (version 1.3.1; ref. 17) . This method improves on the accuracy of firstgeneration HLA determination tools and has been independently validated on whole-exome sequencing (18) . OptiType was used with default settings. HLA class II determination was performed using HLAreporter (version 1.0.3; ref. 19) . Reads were aligned to assembly GRCh38. HLA class I and II determination was validated to have approximately 95% 4-digit accuracy compared with standard clinical typing using sequence-specific oligonucleotide probe and primer techniques, in agreement with published estimates (18) . For class I and II determinations, samples with inadequate read-depth or low-certainty results were excluded (<5%). For the non-TCGA-independent datasets, the provided HLA alleles were used (3, 4, 16) .
MHC binding affinity predictions
Variants predicted to yield NSMs present in tumors, but not matched normal tissue, were selected for neopeptide prediction. Validation set variants (3, 4, 16) were re-annotated using SnpEff (version 4.3k) for consistency across datasets (20) . Using TCGA MAF files, Human Genome Organization, RefSeq, and Entrez identifiers were converted to Enembl transcript IDs using the R/ Bioconductor package biomaRt (version 2.30.0). Variants were then filtered for those in genes with RSEM-normalized count expression of greater than 1. After filtering, a sliding window of 8-to 15-mer peptides centered on each variant site was generated. Peptides were truncated if the window length extended beyond a start or stop codon. Estimated binding affinity for each peptide was then calculated using the Immune Epitope Database and Analysis Resource (IEDB) MHC class I and II prediction tools (version 2.15; FASTA input; 8-to 14-mers for MHC class I and 15-mers only for MHC class II; ref. 21) . The "IEDB-recommended" method was chosen for predictions because it considers algorithm benchmarks in large-scale evaluations, as well as availability across HLA alleles (http://www.iedb.org/). For HLA alleles with multiple available prediction methods, the median of all prediction values was used. For MHC class I predictions, the established median half-maximum inhibitory concentrations ðIC 50 Þ of <5,000 nmol/L or <50 nmol/L were used to classify peptides as potential MHC binders or as CDNs, respectively. These cutoffs correspond to experimentally confirmed peptide-MHC binding and immunogenic CDN thresholds, respectively (22, 23) . For MHC class II, peptides with a percentile rank of <4 or <1 were classified as potential MHC binders and potential CDNs, respectively. Percentile rank is recommended for MHC class II due to the greater variability in peptide-MHC binding across MHC types for class II compared with class I (24, 25) .
ADN criteria and peptide characteristics
We identified ADNs as mutant peptides predicted to bind MHC class I or II with improved affinity relative to nonmutated peptides, a quality known as differential agretopicity (26) . Differential agretopicity index (DAI) is the ratio of MHC binding affinity between mutant and normal peptide. To identify ADNs, we first selected mutant peptides that were at least minimally able to bind MHC (median IC 50 < 5,000 nmol/L for MHC class I and percentile rank <4 for MHC class II). DAI then was calculated as the fold change in binding affinity (MHC class I) or percentile rank (MHC class II) between mutant and normal peptides. Based on the distribution of resulting DAI scores, ADNs were identified as having a DAI > 10 for MHC class I or >4 for MHC class II, which corresponds to the first percentile by rank. Shannon entropy was calculated as a diversity index that quantifies the difficulty of class prediction across a dataset, similar to geometric mean of abundance.
Random forest survival analysis
Random forest analysis is a multivariable, nonparametric ensemble partitioning tree method for modeling classification, regression, or survival problems and was performed as previously described (27) (28) (29) (30) . This approach is used to model the effect of multiple input variables and their interactions on a response variable of interest. Random forest analysis was used for two purposes: (i) to determine if a predictive model could be constructed for response variables (suppressive index, dysfunction index, or cumulative survival hazard function) and (ii) to rank input variables based on their relative contribution to model predictiveness. Advantages of this approach compared with other learning methods include excellent discriminatory ability in high dimensional space, few assumptions about underlying data, resistance to noise, missing data and overfitting, as well as built-in error estimates (31) .
Random forest analysis was conducted using the randomforestSRC R package (version 2.3.0) as previously described (32, 33) . Data ranked for classification into high and low cohorts for prediction were scaled from 0 to 100 using an empirical cumulative distribution function within each tumor type. During bootstrapping, a randomly chosen two-thirds of samples were used to train each tree and remaining (out-of-bag, OOB) samples were used for cross-validation and forest-related estimates. No training was conducted on OOB samples, and no iterative parameter optimization was performed. Missing values were imputed, and classification models were built using the following parameters: ntree ¼ 1500; nodesize ¼ 2; nsplit ¼ 10; mtry ¼ ðinput variable number 3=4 Þ. A Gini index splitting rule was used for classification, and undersampling of the majority class was used when the number of samples in each class differed by greater than 5-fold.
Cumulative hazard function is the integrated hazard function over time and, thus, represents the total amount of risk accumulated until time t (i.e., the number of times one would expect to observe an event over a given time period). Prediction error was calculated using the Harrell concordance index and estimates the probability that, in two out-of-bag samples, the case with the worse predicted outcome had an event first.
Variables were then ranked by minimal depth (MD), a dimensionless statistic that measures variable predictiveness in treebased models (34) . MD is defined as the shortest distance between the root node of a tree and the parent node of a maximal subtree, which is the largest subtree whose root node splits on the variable. Smaller MD values indicate greater predictiveness, and a treeaveraged threshold MD was used to classify variables as predictive. After predictive variable identification, models were refit using only predictive variables and tested against out-of-bag samples. If the number of input variables exceeded the number of samples by >10-fold, variable hunting was used to select variables prior to refitting the forest. Variable hunting is a regularized algorithm that exploits maximal subtrees for more effective variable selection under conditions where a large number of noisy variables exist, described previously in detail (34) . With variable hunting, the high dimensional feature space is divided into multiple smaller subspaces to better estimate MD, which is returned as the average for each variable across subspaces. Model performance was quantified using geometric mean accuracy (1-mean OOB misclassification error rate across replications) and F-score to integrate predictiveness of models for all response variable categories. Relative stability was determined using the normalized Brier score for each model, a proper score function that measures the mean squared difference between the predicted outcome probabilities from a random forest model and the actual outcome tested using OOB samples. Each analysis was externally crossvalidated over 20 iterations using resampling without replacement (35) , and model performance was determined by averaging OOB error rate, geometric mean accuracy, and normalized Brier score across bootstrap replicates. MD was similarly averaged for each input variable. Additionally, to guard against the possibility of overfitting or bias due to differences in input data size across models, overall accuracy was then compared with bootstrapped-simulated control data with matched dimensions. No models of simulated control data were predictive. Final model significance was determined using the following criteria: normalized Brier score <90, geometric mean accuracy >0.55, normalized Brier score relative to control <0.8, and significantly increased overall/geometric mean accuracy relative to control by FDR. Final input variable MD importance was determined by averaging normalized MD across significant models.
Gene expression analysis
Gene set enrichment scores were generated using the gene set variation analysis (GSVA) R/Bioconductor package (36) . The GSVA package provides robust enrichment scores because it implements a nonparametric, unsupervised method of estimating set expression using a Kolmogorov-Smirnov (KS)-like random walk statistic. This method captures subtle or relative changes in gene expression from RNA-seq data. Cytolytic index was calculated using normalized count expression of GZMA and PRF1. The suppressive index consists of 11 well-characterized, highly expressed T-cell checkpoint molecules: 
Statistics and software
The neopeptide pipeline for generating peptides, predicting MHC class I/II binding affinity, and interpreting predictions for normal and mutant peptides (antigen.garnish R package) is available for download: https://github.com/andrewrech/anti gen.garnish. Survival used in the Kaplan-Meier estimates was determined as the number of days from diagnosis until death or last contact. Analyses were conducted using all samples or by tumor type. Age, gender, and tumor stage were assessed as potential confounders and were not significantly imbalanced between groups. Tumor types with 50 total samples with neopeptide predictions were excluded (cholangiocarcinoma, kidney renal clear cell carcinoma, uterine corpus endometrial carcinoma, colon adenocarcinoma, rectum adenocarcinoma, cervical squamous cell carcinoma and endocervical adenocarcinoma, lymphoid neoplasm diffuse large B-cell lymphoma DLBC, Rizvi and colleagues dataset; ref. 4) . Kaplan-Meier estimates, P values, and hazard ratios were generated using the R package survival (version 2. 
Results

Neopeptide landscape in human cancer
To investigate the landscape of neopeptides in human cancer, we created a simple, performant analytical pipeline for predicting neopeptides that integrates TCGA DNA variants, gene expression, and raw exome-sequencing reads (available as an R package; Fig. 1A and Supplementary Fig. S1 ). We estimated the tumor DNA fraction for all samples using ABSOLUTE (13) and confirmed results using Sequenza (12) . The pan-cancer tumor DNA fraction was 0.79 AE 0.08 (mean AE SD), similar to previously published estimates (14) , and no correlation existed between the tumor DNA fraction and nonsynonymous mutation (NSM) load (Supplementary Fig. S2 ). HLA class I and II alleles were determined using OptiType and HLAreporter, respectively (17, 19) . We validated these methods to have 95% 4-digit accuracy compared with standard clinical typing, consistent with other analyses (17) (18) (19) , and TCGA sample HLA allele frequencies paralleled those reported for the general population in the United States (39) .
We then analyzed all peptides generated from NSMs in expressed genes for the ability to bind MHC class I and II. Peptides with high predicted affinity were identified as CDNs (<50 nmol/L for MHC class I or percentile rank < 1 for MHC class II). Out of a total of 9,928 tumor samples with whole exome sequencing, paired normal tissue and tumor variant calling required to determine tumor variants was available for 7,776 samples. Out of these, raw normal exome sequences (required to determine HLA alleles) were available for 7,358 samples. These inclusion criteria resulted in a total of 3,658,044 high-confidence tumor variants, of which 29.8% were NSMs, resulting in 37,754,449 unique 8-to 15-mer peptides (Fig. 1A and Supplementary Fig. S1 ). Filtering by tumor RNA expression, 69.2% of NSMs occurred in genes that were at least minimally expressed (>1 RNA sequencing read count) and, therefore, potentially presented by MHC. Overall, MHC binding affinity selection resulted in 495,793 predicted class I and 808,066 predicted class II CDNs from 6,324 samples across 27 tumor types. This higher prevalence of MHC class II CDNs compared with class I CDNs is consistent with previous reports and the greater flexibility of peptide binding in the groove of MHC class II (24, 25) .
CDN load differed substantially across tumor types, with wide variability observed within each tumor type (Fig. 1B) . The highest mean number of MHC class I CDNs per tumor sample occurred in colon (291 AE 556), metastatic (321 AE 848) and primary (170 AE 222) melanoma, and stomach (183 AE 296) types. Results for MHC class II CDNs were similar (colon: 1,014 AE 3,288; metastatic melanoma: 316 AE 513; primary melanoma: 314 AE 531; and stomach: 361 AE 864). A close correlation existed between the total number of NSMs and CDNs, with greater variability in the case of MHC class II ( Fig. 1C ; R 2 ¼ 0.852 and 0.452, respectively). Despite this correlation in total number, relatively little homology between MHC class I and II CDNs was seen-fewer than 15% of MHC class I CDNs were contained in a class II CDN from the same sample (Fig. 1D) . Thus, tumor heterogeneity results in a wide range in CDN load across and within all tumor types. Only a small fraction of missense mutations or derived mutant peptides was predicted to be CDNs for both MHC class I and II. Therefore, MHC class I and class II neopeptides are drawn from distinct sets of genetic lesions.
Common driver mutations critical to oncogenesis may generate common neopeptides amenable to therapeutic targeting. To assess the feasibility of targeting these neopeptides, we determined the number of shared CDNs in TCGA. Genes frequently mutated in cancer often generated neopeptides, as expected (Fig.  1E) . The most common genes with mutations generating predicted CDNs across all samples were TP53, Ras family members, and IDH1 for MHC class I and TP53 for MHC class II. Despite the substantial number of neopeptides derived from commonly mutated genes-more than 700 unique CDNs from TP53 alone-few neopeptides were widely shared across samples due to variant and HLA allele diversity. A total of 1,872,298 peptides generated from NSMs were shared between !2 samples across all tumor types (<1% of total), resulting in 5,410 shared MHC class I and 6,860 shared MHC class II CDNs (Fig. 1F) . Although a sizable fraction of samples analyzed contained at least one such CDN (17% of samples for MHC class I; 70% of samples for MHC class II), most were shared by only 2 to 3 patients. As a result, only 27 MHC class I or II CDNs were shared between !10 samples. Commonly shared CDNs were derived from known abundant NSMs in IDH1 (p.R132H), BRAF (p.V600E), and a conserved RAS family mutation (p.Q61R; Fig. 1G ). The significant outlier in this analysis was overlapping CDNs derived from IDH1 p.R132H, which occurred in 90 samples. Thus, variant heterogeneity, even among common driver mutations, and HLA allele diversity likely preclude shared neopeptides at frequencies required for widely applicable therapeutic targeting.
ADNs are a distinct class of tumor antigens DAI expresses the degree to which peptide binding to MHC class I or II differs due to the presence of an NSM (26) . Across TCGA, the median DAI of CDNs was 1.183, meaning that most CDNs have nonmutated counterparts that also bind MHC with high affinity. In contrast, we define a class of "alternatively defined neopeptides" (ADN), which are mutant peptides predicted to bind MHC class I or II with greater affinity relative to nonmutated counterparts (i.e., peptides with high DAI). In mice, selection of peptides with high DAI results in a substantially improved rate of experimentally validated epitopes that mediate protection from tumor growth (26) . To determine DAI across TCGA, mutant peptides that at least minimally bound to MHC class I or II were selected, and DAI was calculated as the fold change in binding affinity between nonmutant and mutant peptides ( Fig. 2A) . Based on the distribution of the resulting scores, ADNs were identified as those with DAI > 10 for MHC class I and >4 for class II.
Applying ADN selection criteria led to the identification of peptides that were distinct from CDNs. For MHC class I, 20% of all MHC binding (defined as IC 50 < 5,000 nmol/L) peptides were ADNs, and 28% were CDNs. Yet only a 5.9% overlap between these neopeptide categories was observed (Fig. 2B) We observed that a wide distribution of ADN load existed across tumor types and samples (Fig. 2D) . For MHC class I, the highest median ADN load occurred in metastatic (518 AE 960) and primary melanoma (320 AE 392), colon adenocarcinoma (303 AE 714), and lung squamous tumor types (261 AE 266). Predicted MHC class II ADN results were similar: metastatic (243 AE 765) and primary melanoma (160 AE 197), colon adenocarcinoma (236 AE 632), and lung squamous (90 AE 81). Therefore, overall number of ADNs, like CDNs, is variable and closely related to the number of NSMs.
To determine whether ADNs and CDNs are distinct at the molecular level, we investigated amino acid composition by HLA allele and position across all samples (Fig. 2E) . Overall, an enrichment of nonpolar, hydrophobic and neutral, hydrophilic mutant amino acids existed for all neopeptide categories. ADNs and CDNs differed in the position and identity of the mutant amino acid. For common HLA alleles A Ã 02:01 and DRB1 Ã 04:01, frequent amino acid substitutions were valine, glutamine, and leucine. Yet these three amino acids represented a larger proportion of total mutant amino acid substitutions for ADNs compared with CDNs (71% vs. 31%; P < 0.001). Although the mutant amino acid position was distributed evenly along the length of CDNs in the binding groove of MHC, mutant amino acids in ADNs were concentrated at anchor positions, an enrichment that logically follows from our selection criteria ( Fig. 2E; ref. 26 ). These results demonstrate that ADNs have a conserved molecular profile distinct from CDNs.
Given this substantial difference in peptide composition between ADNs and CDNs, we hypothesized that ADNs may be generated differently from NSMs. To determine this, we calculated the neopeptide generator rate as:
This metric measures the propensity of NSMs to generate multiple immunogenic peptides, which may correlate with contribution to tumor immunogenicity. The generator rate differed substantially between ADNs and CDNs, as well as across tumor types (Fig. 2F) and was higher for MHC class I ADNs compared with CDNs (FDR < 1 Â 10 À10 ). The ADN generator rate was also significantly higher in melanoma, liver, and lung squamous tumor types (FDR < 0.01 vs. all other tumor types). Compared with CDNs, these results show: (i) ADNs arise at higher rates from a smaller pool of NSMs compared with CDNs and (ii) the ADN generator rate is elevated in certain tumor types, likely due to differences in underlying NSM composition. These results are consistent with the constrained profile of mutant amino acid location and identity in ADNs. In contrast, for CDNs, amino acid substitutions were nearly random across the length of peptides, and no significant differences in the generator rate existed across tumor types. Thus, somatic mutations that generate ADNs differ in quality and prevalence across tumor types.
Distinct tumor microenvironment immune associations
To quantify immune dynamics, we measured cytolytic, suppressive, and T-cell dysfunction immune indices and compared expression across TCGA samples and tumor types. Rooney and colleagues developed a metric to assess cytolytic T-cell activity based on expression of granzyme A (GZMA) and perforin-1 (PRF1; cytolytic index; refs. 40, 41) . Cytolytic index reflects the presence of activated CD8 þ cytolytic T cells and correlates with other metrics of antitumor T-cell immunity. We have previously identified a gene expression index to quantify activation of . Across all TCGA tumor types, cytolytic T-cell activity was correlated with expression of immune suppressive pathways as measured by these indices (Fig. 3A and B top; R 2 ¼ 0.66, P < 1 Â 10 À200 ). This correlation suggests that cytolytic and suppressive indices are tightly coupled regardless of mutation or neopeptide load. Identified outliers included renal clear cell carcinoma (higher cytolytic index) and low-grade glioma (higher suppressive index; ratio FDR < 0.01 vs. all other tumor types). In contrast to the strong correlation between cytolytic and suppressive indices, a weaker correlation existed between these indices and neopeptide load (Fig. 3A top vs. bottom; P < 9.423 Â 10 À58 for pan-TCGA immune indices vs. each neoepitope category).
To further assess immune dynamics across tumor types, we also measured T-cell dysfunction, using an index characterized by Schietinger and colleagues (ref. 37; dysfunction index). This index marks a dysfunctional state of tumor-specific human T cells that is distinct from cytolytic index, suppressive index, and virally induced T-cell exhaustion. In contrast to the suppressive index, no significant correlation existed between cytolytic index and dysfunction index, suggesting that tumor-specific T-cell dysfunction, as measured by this index, is either not well-defined by tumor type or that these immune characteristics are decoupled (Fig. 3B, bottom) .
Analysis of individual genes comprising the suppressive index revealed that VISTA, IDO1, A2AR, and TIM3 had similarly high expression across tumor types by hierarchical clustering (Supplementary Fig. S4A ) and were significantly correlated to cytolytic index (Supplementary Fig. S4B ). These checkpoint molecules contribute to potential mechanisms of immune evasion (42) , and our data suggest they are coordinately expressed. TIGIT, PD-1, and CTLA-4 expression were also correlated ( Supplementary Fig. S4A ) and were the most tightly coupled to cytolytic index ( Supplementary Fig. S4B ), consistent with upregulation of these molecules in association with CD8 þ T-cell activation (42) . TIGIT is a coinhibitory receptor expressed on T cells and NK cells that regulates T-cell activity, in part, through interaction with its binding partner PVR on antigenpresenting cells (43) .
We next assessed relationships between ADNs and immune indices. Across tumor types, mean ADN or CDN load correlated with mean CD8A expression, cytolytic index, and suppressive index ( Supplementary Fig. S5 ). An inverse correlation between mean ADN and dysfunction index approached statistical significance (P ¼ 0.081). In contrast, despite adequate power to detect small effects, few meaningful correlations were detectable between ADN load and the same immune indices case-by-case across samples within each tumor type (Supplementary Fig. S6 ). These data suggest that, in parallel to the relationship between cytolytic index and suppressive index, the relationship between ADN (or CDN) load and T-cell response, as measured by these immune indices, is defined at the tumor type level, not case-bycase within a tumor type. Thus, the relationship between ADN load and T-cell response predominantly depends on tumor histotype.
Correlation of overall survival and ADNs versus CDNs
To assess the impact of neopeptide load on patient outcome, we evaluated whether an association between overall survival and ADN or CDN load existed for each TCGA tumor type. Increased load of predicted immunogenic mutations has been associated with significantly improved survival in a study of 512 patients Figure 4 . ADN load is associated with survival. A-C, Kaplan-Meier curves for the indicated neopeptide category and tumor type showing survival difference between samples with high (red) vs. low (blue) neopeptide load, defined as the top and bottom deciles. Tick marks, time of last known survival status. P value is unadjusted log rank. D, Summary of log-rank FDR values. Comparison is between high vs. low neopeptide load samples. Asterisk, improved survival in the low-neopeptide load cohort; gray box: data not available. Tumor types with <50 samples with neopeptide predictions were excluded. Number of observations for each tumor is listed in Supplementary Table S1. across six tumor types (44) . This association with improved survival was found with neopeptides (classified as any peptide with an IC 50 < 500 nmol/L for MHC class I) but not with high NSM load or when controling for tumor type. Extending this analysis, we stratified samples in each tumor type by neopeptide load into high-and low-load cohorts (top vs. bottom decile or quartile). We hypothesized that significant differences in immunobiology between these cohorts may allow us to uncover associations with survival. In many tumor types, a minority of tumors respond to checkpoint blockade (45, 46) . Similarly, many tumor types have a small, transcriptionally identified "immunogenic" subtype (47) (48) (49) , and high intratumoral T-cell activity or infiltration is a strong predictor of patient survival (50) (51) (52) . Stratification by top and bottom deciles corresponds roughly to the minimal size of these identified subtypes. To better model the potential for oligoclonal antitumor responses directed against neopeptides, samples were additionally stratified by a "top three neopeptide score," which was defined as the sum of the top three affinity scores ð
Þ for CDNs or the sum of top three DAIs for ADNs. The top three were chosen in each case because this is the minimum number that captures the potential for an oligoclonal T-cell response and mirrors experimentally confirmed oligoclonality of T-cell responses against human tumors (53, 54) . The top three score was the least correlated to total neopeptide load (vs. the top 4 through the top 15; R 2 ¼ 0.0495) and, therefore, not purely a derivative of total neopeptide load.
We focused first on melanoma because neopeptide load has been shown to correlate with response in this tumor type (3, 9) . In both TCGA melanoma and a second, independent melanoma dataset from Van Allen and colleagues (3), we found that high MHC class I ADN load correlated with improved survival ( Fig. 4A ; P ¼ 0.05132 and P ¼ 0.01047, respectively). A high top three score also correlated strongly with improved survival in TCGA melanoma (ADNs only) and the Van Allen and colleagues dataset (ADNs and CDNs; Fig. 4B ). Using response to checkpoint blockade, the CDN top 3 score differentiated lung adenocarcinoma patients who responded from those who did not (Supplementary Fig. S7 ; P ¼ 0.0313). In TCGA bladder and lung squamous tumor types, a high top three score for ADNs, but not CDNs, also correlated strongly with improved survival (Fig. 4C) . Overall, significantly improved survival was observed in high ADN, but not CDN, load samples in multiple TCGA tumor types after adjustment for multiple hypothesis testing, with the exception of class II CDN load in stomach adenocarcinoma (Fig. 4D, left ; Supplementary Table S1 ). Few significant correlations between survival and cytolytic, suppressive, or dysfunction indices were detected, with the exception of melanoma (Fig. 4D, right) . Similar results were obtained by using a 500 nmol/L IC 50 cutoff for MHC class I CDNs, a 1,000 nmol/L IC 50 cutoff for class I ADNs, or by comparing patients in the high and low neopeptide-load quartiles (Supplementary Table S1 ).
We next confirmed and extended these associations between neopeptide load and survival using random forest (RF) machine learning, an unbiased, robust analytical method (described in Materials and Methods). This analysis measured the ability of ADN load, CDN load, and immune indices to predict cumulative hazard function (CHF) for each tumor type, as well as independent melanoma and lung adenocarcinoma datasets (3, 4, 16) . CHF is the integrated hazard function over time, and CHF prediction error estimates the probability that, in two out-of-bag samples, the case with the worse predicted outcome had an event first. RF analysis confirmed our Kaplan-Meier estimate findings, showing ability for ADN load, CDN load, CD8A expression, and cytolytic index to jointly predict CHF in TCGA melanoma, when considered as independent input variables ( Fig. 5A; ref. 3) . Thus, similar to Kaplan-Meier analysis of the high and low neopeptide load cohorts, RF analysis demonstrated that neopeptide load contributed to the ability to predict survival in some tumor types.
Suppressive and dysfunction indices were, in general, the best predictors of survival compared with neopeptide load, resulting in accurate prediction of CHF in many tumor types (Fig. 5A) . Assessing input variable importance to prediction, class I ADN load was the most important to prediction accuracy and class I CDN load was the least important in predictive models, including only ADN and CDN load (Fig. 5B) . For immunosuppressive index, the most important individual genes for survival prediction were VISTA, PD-L1, and PD-L2. VISTA is an inhibitory checkpoint molecule expressed on antigen-presenting cells that is increased after therapy with CTLA-4 blockade in patients (55) . In summary, ADNs outperformed CDNs for predicting survival, and immune suppressive molecules-VISTA in particular-and T-cell dysfunction index are strongly predictive of survival across TCGA tumor types.
Discussion
Large-scale studies continue to provide insight into the profound influence of the tumor genome on tumor-immune interactions. We investigated the landscape of neopeptides across human cancer using TCGA, exploring relationships in 27 solid tumor types and evaluating more than 228 million mutant peptide predictions. Our analyses characterized a class of prevalent neopeptides-both MHC class I and II-which we termed ADNs and defined based on improved MHC binding of mutant peptides compared with their nonmutant counterparts. ADNs are molecularly distinct from CDNs and strongly predict patient survival, indicating their biological significance and their potential as an underappreciated source of therapeutic antigens. Nevertheless, suppressive and dysfunction gene signature indices were, in general, superior predictors of survival compared with load of ADN neopeptides or load of CDN neopeptides, emphasizing the importance of tumor cell-extrinsic immune parameters in reflecting cancer immunobiology.
ADNs are generated from selective mutations in the peptide-MHC anchor position (i.e., the agretope) rather than mutations randomly occurring across the peptide sequence. This feature leads to two potentially important and unique immunological characteristics of ADNs. First, unlike CDNs, the TCR-facing peptide sequence in ADNs is likely the same as the corresponding nonmutant peptide. Second, MHC binding ability of the corresponding nonmutant peptide may be so low that its presentation in the thymus is minimal and central tolerance may be bypassed. Experimental evidence provided in previous studies suggests that neopeptides derived from ADNs can be immunogenic. Peptides containing anchor residue mutations, which in retrospect satisfy our ADN selection criteria, are overrepresented among murine and human tumor antigens that had been experimentally confirmed to be immunogenic (23, 26) . Mutations in known peptide-MHC anchor residues are very unlikely to alter TCR recognition, providing explicit evidence of the potential immunogenicity of ADNs that escape central tolerance due to poor thymic presentation. An extensive analysis of tumor immunity in a patient with ovarian carcinoma showed that the top six reactive mutant peptides meet our definition of ADNs (56) . Our reanalysis of experimentally validated neopeptides from non-small cell lung carcinoma or melanoma patients (54, 57) showed that one third of these were ADNs (resulting from an anchor position substitution that improved MHC affinity > 10-fold). Thus, our findings provide selection criteria to expand the spectrum of mutation-derived tumor antigens with therapeutic potential.
ADNs also exhibit unique associations with patient outcome. High ADN load was associated with improved overall survival in multiple TCGA tumor types, in contrast to CDN load, for which, only a single significant association with survival existed after adjustment for multiple hypothesis testing. Our result differs from that reported by Van Allen and colleagues (3) due to this adjustment. RF analysis of survival provided confirmation of these findings, demonstrating that ADN load was more important to survival prediction than CDN load across all tumor types. Work in pancreatic adenocarcinoma, lung adenocarcinoma, and melanoma has also identified differential agretopicity as a key neopeptide selection criteria, in conjunction with homology to infectious disease-derived peptides, for correlating neopeptide load with survival (58, 59) . Our analysis is a comprehensive investigation of the landscape of human neopeptides and provides a timely and critical comparison of CDNs and ADNs for multiple tumor types, peptide lengths, and MHC class I and II. Evaluation of the ability of neopeptide selection criteria that incorporate differential agretopicity to predict immunogenicity and response will be needed in future prospective human studies.
We extended our analyses beyond total load of ADNs or CDNs and also evaluated survival as a function of the predicted highest quality peptides for each patient (i.e., our top three neopeptide score analysis). Using this, we found an even stronger association of survival and the top three score, potentially reflecting the fact that most potent antitumor T-cell responses are oligoclonal (53) . A straightforward top three score is immediately translationally and clinically useful because it does not require reconstruction of tumor clonal structure or quantification of tumor evolutionary dynamics. The top three score is not tightly correlated with total neopeptide load, and focusing on the few highest quality ADNs may also provide a strategy to narrow the choice of peptides to be used in patient vaccination from among dozens or hundreds of ADNs (or CDNs) that are otherwise bioinformatically indistinguishable with regard to antigenicity. Finally, the significant associations we identified using a CDN top three score demonstrated that refined methods of quantifying classic, high-affinity neopeptides may yet hold promise, especially given that some high-affinity clones are immunogenic regardless of differential agretopicity (23, 54) .
Neither ADNs nor CDNs were widely shared across samples in TCGA. One potential exception is IDH1 p.R132H, which was the source of shared CDNs across 90 samples (1.5% of total samples), with an average predicted IC 50 of 33 nmol/L. Peptides generated from this site were predicted to bind HLA alleles, including A The overall landscape of tumor neopeptides we revealed here suggests that T-cell immunity to checkpoint blockade or other strategies is not limited to high mutation load patients or tumor types. Our data indicate that a higher quantity of tumor-specific neopeptides alone-ADNs, CDNs, or both-is not necessarily sufficient to elicit a positive immune response discernable by the transcriptome or survival. Many tumor types with high mutation rates were not associated with improved survival in patients belonging to the top decile by mutation or neopeptide load. In low-grade glioma and liver adenocarcinoma, survival and neopeptide load were negatively correlated. Studies have suggested a cutoff of 192 NSMs per tumor-based on published checkpoint inhibitor response rates-to discriminate patients likely to respond to checkpoint blockade (62) . These likely responders include bladder, colon, gastric, and endometrial cancers. Although these patients may be more likely to respond, only a small number of neopeptides are required to drive therapeutically effective antitumor T-cell responses (63) . Landmark studies have shown that patients with renal clear-cell carcinoma commonly respond to immune checkpoint therapy despite a low median neopeptide load relative to other tumor types with poorer rate of response, such as colorectal adenocarcinoma (45, 46) . We found that neopeptide-immune associations primarily correlated by tumor type, not case-by-case within a tumor type, indicating that tumor histotype plays a dominant role in dictating the nature of the immune response. Thus, our findings support the hypothesis that T-cell immunity in solid tumors is not primarily determined by the abundance of T-cell antigens derived from somatic missense mutations.
Efforts to enhance immunomodulatory strategies such as CTLA-4 and PD-1 blockade may need prioritized consideration of tumor microenvironmental cues on a case-by-case basis. This notion is supported by our ability to model survival more accurately using T-cell suppressive and dysfunction genes, such as VISTA (ref. 55 ; was highly expressed, was an important predictor of survival, and did not correlate with total neopeptide load; P ¼ 0.49). In summary, MHC class I and II ADNs are prevalent across human cancer and correlate with immunogenicity and survival. Our results demonstrate that the potential pool of existing immune targets is more diverse than currently appreciated. These ADN selection criteria can be used in vaccine studies to evaluate the importance of ADNs as tumor rejection antigens alongside CDNs.
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